The Atlas tool provides an accurate picture of how competitors' stores have performed with various category configurations.
BACKGROUND Shopper Behavior
Shoppers have been speaking to retailers and manufacturers with an increasingly clear voice since the 1970s. This voice has been heard predominantly through the votes they make with their dollars at the checkout counters. These are the ultimate "votes" based on actual behavior, not opinion or speculation on anyone's part.
The voting begins well before the checkout counter as the shopper selects first a particular retail establishment where purchases will be made and then their pathway through the store that will expose them to the varied wares and communication available. Each area the shopper visits, pauses for shopping or media intake, selects this or that items, and spends time in these activities constitute mini-votes leading to the placement of "coin-onthe-counter," the final expression of their consumer voice. This earlier behavior leading up to the purchase is very much a part of the shopper's voice. It is to this voice that we look for understanding of how and why they are speaking so clearly at the checkout.
Listening to the shopping voice-not just the buying voice-is what shopper behavior is all about. If this voice is to be anything but cacophony, we must learn to distinguish all the notes, tones, and chords. It is necessary not just to make measurements but to have a framework for understanding those measurements. The framework outlined here is based not only on common sense observations in stores but on patterns observed in a score of stores subjected to detailed descriptive analysis.
In-Store Media
We will address issues here from the in-store advertiser's point of view and store, category, and brand management merchandising's point of view. Some of the parameters used have exactly the same numerical values for advertisers and management, but with potentially different meanings. For example, an advertiser is likely looking to reach the shopper whereas the self-service retailer is looking for the shopper to visit the merchandise. The advertiser is likely to expect to measure reach as exposures. For Atlas purposes, we will deal with reach and visits as similar concepts, both meaning that the shopper and the merchandise have occupied the same space at some point.
Further distinction between physical reach and visual reach is necessary. It is a truism that what is not seen does not exist for the shopper. Anything that appears in the field of vision has been seen.
Given these considerations, we can tighten the first condition of a sale to visual reach. This distinguishes the physical presence from the visual This report introduces Atlas, a model that accurately describes shopper behavior across a series of supermarkets in terms of traffic across the store, share of shopping at various locations, resulting purchases, and the amount of time shoppers invest in these activities. The value of the tool to measure the in-store "audience" for advertisers is assessed as is its utility for allowing store management to evaluate a wide range of "what if" movements of categories to alternate locations, with alternate display sizes. This report focuses on center-of-store aisles but points the way to deployment for the full store, including end-caps and perimeter displays. We begin with very large numbers on the left and deliver very small numbers (for individual items) on the right. Media folk are accustomed to dealing with very large numbers on the left, and experience with mass media such as television leaves them unprepared to deal with the radical fall-off of numbers across this decrescendo. However, a holistic view of shopping requires that we start with the tiny individual sales-on the right-and deconstruct the events that lead to the purchase. and purchases here is insignificant at the p = 0.05 level. This is a direct consequence of the fact that 60 to 80 percent of the typical shopping trip is not spent purchasing but rather is wasted with ineffective wandering (Hui, Bradlow, & Fader, 2007) . 
Visits Versus Purchases

The Data Set
The data set is a selection of six congruent stores from the PathTracker database.
Store congruency is necessary to simplify the modeling process. All stores have similar sizes, counter-clockwise traffic flows, and contiguous CoS aisle domains with
The overall objective is to develop a mathematical model of shopping behavior that will predict aggregate shopper behavior on a category-by-category basis, given the store design, merchandising, and inventory. 
Model Specification
The proposed model is a two-step process.
Step 1 is to deliver PP-level performance.
Step 2 is to compute CAT-level Visits/ Step 2 explains between 75 percent and 90 percent of the variation in the categorylevel data. These are outstanding model fit statistics. A quick examination of some
Input
Step 2 
Model Validation
In keeping with the two-step modeling process, two questions must be asked to validate the performance of the models Step 1 had unique store-level characteristics. Though the model did a reasonable job during the hold-out test, the predictions were the result of extrapolation. The hold-out store is now incorporated in the dataset. As the underlying data continues to expand, so will the capabilities of the prediction engine.
DISCUSSION
It will be helpful to look at a simple Atlas application to better understand its implications for both in-store media, and the management of categories and merchandising ( Figure 4 ).
Here we see the effect of moving the Notice that the reach drops substantially in going from early to late, and it takes a bit longer to close the sale (BuyTime).
However, the impact on sales themselves is quite modest. The stopping power at the later location is substantially higher, which leads to nearly the same amount of shopping and purchasing.
This example illustrates that an advertiser will reach more shoppers in the first aisle, but that won't necessarily result in more sales. This is one reason we have CoS aisles but will provide these for endcaps at the ends of the aisles. EyeShare is a computed measure of exposure of displays based on the accumulated shopper traffic (Sorensen, 2006) .
Managerial Implications
The mathematical models developed here challenge the prevailing belief that product categories will perform the same Rather than physically rearranging a store and waiting to collect new receipt data, the hold-out model can immediately predict PP performance.
Retail Performance Modeling Implications
These modeling efforts neatly fit between two large pools of store management data.
On one side, numerous papers explore the optimal placement of products on the 
OBJECTIVE RECAP
The overall objective of the Atlas: Modeling Shopping Behavior project was to develop a mathematical model of shopping behavior that will predict stores' sales on an item-by-item, category-bycategory basis, given the store design, merchandising, and inventory. Much of this has been achieved. The CoS model presented in this study predicts shopping behavior on a category basis given store design and merchandising.
LOOKING FORWARD
The immediate future of developing mathematical models of shopping behavior is to expand outside of the CoS domain.
With enough data, an entire store could be modeled with the same methods developed in this article. We are now adapting the methodology for end-cap displays and perimeter domains. The promotional displays and aisle end-caps are of particular interest to managers and academics alike.
These dynamic locations change most frequently and are often used for in-store promotions, a controversial retailing practice. Though these new territories provide unique challenges of their own, they will benefit from a standardized method of prediction developed from the CoS data.
Initial data sampling and statistical analysis provide evidence that the new domains will be just as successful as the CoS.
The use of equations to predict future performance, based on historical performance, reveals the underlying characteristics of each square foot of store real estate.
Which areas of the store drive purchases?
What is the best location to accelerate the performance of a slow-moving product?
Atlas answers these types of questions with actionable solutions.
Further, Atlas provides highly detailed and accurate in-store media metrics, associated with categories and their locations. results that were carried out (1-3). It also contains material relevant to retail store geography (4).
Variable Transformations
The set of explanatory variables were inspected for normality and other underlying regression assumptions using graphical methods. Graphical displays (e.g., histograms, stem-and-leaf plots, and normal quantile plots) revealed that some variables violated the normality assumption. Transformations of these variables were assessed for improved normality and their ability to predict the dependent variables in univariate regression.
Multicollinearity Tests
Both steps of the final model were checked for collinearity using the variance inflation factor test. If an explanatory variable exhibited collinearity, it was removed from the model, and the regression was re-fitted with that variable excluded. This process was repeated until all collinearity was resolved. The final models proposed in this study are absent of collinear variables.
Excursions
The final Atlas model is the result of many 
